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ABSTRACT

ABSTRACT

With the rapid development of intelligent robot technology, the sensor requirements for
location and mapping in complex scenes are getting higher and higher. According to the
characteristics of different sensors, the corresponding sensors can be selected when dealing with
different scenes. The mere use of visual sensors has certain limitations on the texture features
and motion speed of the scene, but they can provide rich scene information. Binocular stereo
camera can not only solve the problem that monocular camera does not have scale, but also
avoid the problem that RGBD camera is interfered by illumination outdoors. GPS (Global
Position System) can obtain its own absolute Position in real time, but the GPS signal is easy
to be blocked in the high-rise forest, which leads to the failure of positioning. Visual and GPS
sensors complement each other in usage scenarios. IMU (Inertial Measurement Unit) can obtain
its own attitude information in the state of fast motion, but with the passage of time, IMU will
produce integral accumulation error. The IMU motion model is used to predict its own posture,
and the visual sensor and GPS are used to correct its position to cope with complex scenes.
Have made a very good attitude information, can undertake judging map building environment
around obstacles, but the most visual SLAM (Simultaneous Localization And Mapping)
provides only attitude information And sparse point cloud maps, sparse point cloud maps on
the surrounding environment description ability is limited, so can make full use of visual
information on the surrounding environment is described. Based on this, the following research
was done:

(1) A method of EKF based on VO relative state update is proposed.

In order to provide a good rigid-body prior constraint for Visual rigid-body motion, the
joint optimization objective function was established by tightly coupling VO (Visual Odometry)
and IMU, and the attitude was solved and saved. Add a previous attitude from the saved attitude
to the predicted state of the IMU, establish the augmented state matrix, and deduct the Jacoby
matrix of the prediction model. A relative measurement model was constructed by using the
current VO measurement attitude and the previous attitude added to the state matrix to update
the observation model of EKF, and the Jacoby matrix of the observation model was deduced.
Finally, experiments on Euroc dataset show that the trajectory of the algorithm in this paper is
close to the true value. After analysis by EVO tool, RMSE in MH 02 Easy scenario is
0.153238.RMSE of V1_02_ Medium complex scene is 0.240838.
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(2) A method of updating EKF based on GPS absolute state is proposed.

GPS and IMU adopt the loose-coupling EKF data fusion method. IMU predicts the motion
state of rigid body and provides the prediction equation, while GPS provides the observation
equation to update the prediction state. However, GPS measurement will have outliers due to
interference such as multipath effect, resulting in large error of the observed value. The current
number of satellites is used to determine whether GPS measurements are reliable, but this
method is not very effective. Therefore, whether the updated state is reliable can be judged by
predicting whether the residual sum of squares and the observed residual sum of squares are
abnormal. By comparing the experiment with the GPS measured value, the average error is
about 1.02m to 2.54m.

(3) A 2D occupied grid map construction method based on ORB-SLAM?2 is proposed.

At present, most visual SLAM only outputs sparse point cloud maps of the attitude
information and the surrounding environment, and the description effect of the surrounding
environment is limited. However, the attitude information and the environmental depth
information can be used to build a 2D grid map to describe the surrounding environment. The
depth map provided by the binocular stereo camera is converted to Scan format data, and the
attitude information is provided by ORB-SLAM?2. The combination of the two is used to
construct the 2D occupied grid map. An inverse sensor model related to binocular vision was
established to update the occupancy probability. Finally, the experiment on ROS platform and
the comparison with the real environment show that the 2D occupied grid map can be

constructed to judge the surrounding obstacles.

Keywords: binocular vision odometer; IMU; GPS; 2D grid map
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ML, g, BRIES R T . MRS RRE SRR, EE T LR — DX E AL .
1M BASAFAE RRURZE . AT T 2R RES IR E 5%, X VO EREZIR%E, IMU
MERTE, WA, DL GPS WM EMA, BH47 7HES, AT EKF, FIH IMU
B B 71527 REAE N R GUIRS T RS, SR AL GE SRR T AR XU B R LA A K S8 T AR Seik
ST AL AR THERERRSCR RIS OL T T AM AT GPS 4 X Ik 30 R Geik
&

FIARY)

(2) PEAES M@ H 2417 GPS Bl 21 B E AN Eokife, PEME
b, PhITEMK, EARERSIRE, XA RINEE I A G . B AT Dodd Y
HIIRAS AR 22 J7 A B A2 15 53 BG ROR I W S i 2 15 e 8

(3) HETKRZH M SLAM R4 A fefm HAEYL IS SR A = 1o, BikidEH T
PLES NIEAT 0 BEPRAT S5 . IS B H AL AR AT DU P p st ], HEA REE R
RGBD HHLERBA G, HRAEEIZIED N HHE K. AL ORB-SLAM2
PIEEAE b, SRAXCH SR BT FAHNLAL %, DepthToScan 38 ik STARRR w1 IR BE
B 2RSS, FEUbERAl FR A A R a3, JfR4E ROS P&
5 Occupancy Grid Map 45& BT & 7 —Fh vl AL AR S0 =4k S 4
R A b P B
1.42  fHEAZEH

WICHASE T

BoEEL: R TRXXWIRE SR 28 7 AETLE SLAM IR IR,
FE 7 VO. IMU. GPS &38R 7B FUIR, DL Z 4E A% B R B TR0
FEXTARSCI) 2 EEAIE 50 N 25 DA S ZH 25 R AT o) 3
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B EMREORIE T S T AP SRR, B ORB RFAEAIHL
AR, FRGERTA T IMU AR IREF O EEAC S B, RS, GPS )€ {7 I B A AR OC
R

H=mAARNE GPS Bl & E AL VI-rel 5 1G-abs FIEWIFT: EHXF A5 72 A7 1 =)
BRYE, REC VO IMU GPS 282 MERGHATE B E . ot TR ERFEIRZES IMU
PRERRL, JRENBG LS. MAh, 1R T VO MIXENLS GPS X EALI Tk,
A AL 58 E AL B GPS RS AKATF A RLR ¥ EKF R 46, [F]I 7ERCHE Ty
R T IR T3 A 15 S W I K I T iR 4 SR 15 5 o P SRt AT Kt 7 A

SEPU B Y A AR R R EE (1 VO-Scan Bik: HES T ISM iR RS A 5 — 4
WA B, it 1 X H S AL GE A AR A B PR S BT R

R ESIS T RSN, R FITEN S EIMISLR, /£ ROS
ARGUIEAL F S T E R (R, RN RS LA N BEAT R AT A o

BANERG GRS M TAEAT 4.
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F2EF HEXBARMR

2.1 WMEMZERET

PSE AR TE B TSR AN A R DA% B A R R 5t AL AR R A
L H FHNL, RGB-D AHHLFIX H AENL. 5 H ARHLES AL (8] 5 ARG, 75 bR AR, (R
WA RERER, TEE — MIER RSN, BRIt S EEEE— MR
EET, BAREANHEME. RGB-D AHNLEIT S MEE#E ToF (Time of Fly) 4377
EMEYE RS S, (R, AR, MEAN, BT, FEH
EEN, ZAMRBMENA . XCH NN, AR WAAIE—ANIELR, JR2R PR B0k
R, W& )RR B iz, 1T AR IS5 B — AN AR RREE, W LU H B E N 5 =AM,
HRAE ShrEBRNE S, TEMEFERENRFERERZER, N7 E e S R
A, e K B AHBLE A AR IR 235

2.1.1 WEBEMEHER

XUH AL PN B ARBLALE, — e 9 2 IR BRAEAL, N FELE G
OHRACEICEALE x fi L, PASERE A0 B BE B Dy H AL L, ML) R ME
REBER, W HMAINEZESH, RIS SR T I

——— -

K 2-1 XUH SEARAR AR R
Fig. 2-1 Stereo vision model
d=u_—uy
fb (2-1)
 d

z

B 2-17h fONERRE, b ONREER, w NAEBER RBIBAEAR, up A B SRR, d Nk
AR IR bR 2 72, FROMZE, z RUEAE M ZE AT R AR .
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2.1.2 ORB $iFfz BV 5 ILHC

ORB %! (Oriented Fast and Rotated Brief) 1] LA FH St PRt it 45 o 110 SC Bt i gt a7 m]
FH TR 51 A A5 G AR ) &, B 2-2 AT » F A, FASTH(Features from Accelerated
Segments Test) F1 BRIEF*!! (Binary Robust Independent Elementary Features) 437l & 4F
FEAr ) SR yE AN ) B O R RV, e — PP S e AT R R RHE S TV . BRI BB
G TSI, A E YO N AT PUORIE R AR o I T A B ot Ok vk SRR ) D7
In], SRJETHE R, 5 1) BRIEF #5181, fRIUE [ @i A2, 1H5 BRIEF B AN 2
fERH AR EE, T 7 RUR B XA, $m T PiERe . AU, eIk
A BRI T R AR R, R SIFT 100 £%, SURF [ 10 1%, 52
SEILSL I RS O

2-2 ORB HF1IE A

Fig. 2-2 ORB feature points

ORB FHIEALIN 51516 S 2 F PO A, i BE P EEBURF IR K X 38 38 345
REMNER ORI ORI X, Bl . KPS 5, ORB Hik i H &4
R R HRHE . TRV R X SR E B rh RS 7 1A 0 PIAMIE AL, BT ARRZ A
TUCRHIEIA R . AR S RURIL R B AR R X AR AR, WAZ e R R 1
A0 FINGF th o B2 A2 o B e HRFAE 1) B 2o e ol [ A R R s P AR S, W 2R 25N
3 BB R ) DX A B U] P A (R e 6 5, ) AR 22 M54k 7] B . ORB SLVARR 1 iH S &
R Ah, R L, TR AN AR e th AN 2 32 B

ORB RHAEAT I S50 55— 20 & R Fl FAST B d $0 UG i DG A5, B ml DAPR# %
PR A, RS RN

TEE A E — MG F s p B RAEN Ip, FAST HiGSRHLBAG 2 A p A B 16 A
B&, SMEEEMET Ip, AN T Ip, 5 Ip MRUHTHSE, —Hr =3 @ IR
e HE p B EERy, WS p sBREIINDRIE 7 HRERET prh BR
ER N2, X HINBERPEE, WRER A p FMEK 16 MEER S LA 8 A
CLERIMEEANE, WPRHE R il p IR R AL, W1 2-3 (a) Pra. 1M FAST Wbt 24
JREAE, DCRHB R A p 5 BEIX A 4 DEERAR R, WK 2-3 (b) fox, X7
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ROEUEIIAT LS 16 DM BB AR BRI . W RIX DY SEFRAR R T B A7 X
BBRROFTE R TERT p S BRE, WK pigfEcut s, s R m Rk K&+
R RN R 4 ke 1 DO i

ORB LA Il L (12 — 2D 2 NS — D R DU R m T SRR () f, XA AIE
A& A LIIE AR IR — R . ORB 55 F| M BRIEF 55 908 s QR IR B B
YRR — 4G s G — e IE M & . R IR & O — e Rk 7T, R IE S
1A O (RFAEFI R, 1 AT 0 ARERORHE ML P MBI R R T NAE P A2
1ATO, Pt 5 thiR iR, £ BRIEF &0 th— A kb ER#E, %
BN 128-512 A A, AURSRHE AU 128-512 ME R, %8 R IR R A1
R BENLIER . IR TR RS PRI [ AR ARE L . X R A T I

(a) 16 F& 5l (b) 4 SFHRER
K 2-3 FAST LSRR
Fig. 2-3 FAST feature detection illustration

2.1.3 YIREFEHNERT

AR BRI R ORSKRIBAIHLIO AL, — e W RA R LR Lo an A2 5 H AR
P, ZEGALEE SRR, J&T 2D-2D 2R MWESRA, KA LA RI57%, anieR A
ff17& RGBD AAALEGE XU H AL, AT LA B 2 W RREEAE R, A2 0E 3D mithtn 5
OO R AAFAE SR AL B2 TR, BT 3D-2D ARk ERAY, R PPl B KRR,
AR SR RN A2 P B BionS 2 [R] — 2 8] i AR AR, Ja T 3D-3D KA, SRHAT ICP I
KA o

FAE R ULAC ), #2571 3D B 2D RIS NR & A st el PUETE PnP S35 2 AT AHAL
fris, BIAHMLAYTERAERE R 5742 1.

SN [ AL P BISF ISR (X, Y, Z, 1), SR UG HRRE s 55 AR Cus
v, 1o ZETMCN RS ARRR RN MR AERE N R, PN 6 T R, ¢ BGR A R AL
B, e TR RER RN KR iede 512

11



PN N2 T e DA

5B SO HERE N
bt tot,
T=(Rit)=|t; t, t it (2-2)
[tg to by tlj
Tl s P SBERZIAFAEU T R AR
u) (4ot bt ?
{VPS% g%g}z (2-3)
1) 6t ty b)),
K HERE T (947 ) B R R R A R
t=(t t, t t)
tL=(t t t t) (2-4)

WA RN B (2-4) 5 8:

t'P—t]Pu=0 (2-5)
t,P-t;Pv=0
SIS AR A PR P B — AMRFAE AT DABT S AN TT R, ERAORAR R TRA 12 N RH
Ak, RHLE /DR E 6 MAFIE ROREAT KAR, TR RGR AN, B PRE R 822,
FIT MR 25 25 48 B HABRHE 2, AT VAN B A ik . i BRI o o7 FR A an ™
FR

PlT 0 —U PlT

0 PlT -V PlT Y

S t, |=0 (2-6)
Pr\T 0 —Uy Pr\T ty

0 Pr\T —Vy Pr\T

BEZISRAR I ) T IFA— g R EOR, ONIERHERE R € (SO,), SRR T 5EFEH
T DN IT R Z AL, A BOERE, YT T e e R 450
W EARAANEAIORNG T T 22101 3% 3 IAERESE, Al LUl QR 70 -4k — A By i Jie
B X e AT IR

ERTPENERENE, RE 3D-2D SRR LA BT RANE R LR P3P BE, E
FEMFH =X 3D-2D s 25 (8] L] AR R SR e B RS R 51 4% ¢ (. 3D N 4,
B, C, 2D "N a, b, ¢ Hi/NGFEACERN s MRS T BRI s AN LR AR T
I ERHss, Wl 2-4 fis. AHNLGEO N O, 4, B, CRAEIFAIRR TFHIAR, A
FANLABR 22 T A AAR o
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K 2-4 P3P kR n B K

Fig. 2-4 P3P algorithm to solve the schematic diagram

2.2 IMU {ES8 L5501

IMU 25N ST, & s T 5 R P o ARl AR ARAR AR, Gl
JINSEE FE T AT DA A5 AR A = Al ) (RO I A5 U, 6T s 2 AR 78 S AT A R 1)k P24
B WREER S PTG BRI AL RS A . AT DL I FERR SIS A e A 5, I
IBEL, WL BRI RR A A DL R AT S S5 R, REBUE S

22.1 IMU A2 E KR

IMU Jilsd B2 T AR T DA SR A R, 3R SRt =N k3o,
I FETH B RAG 2, JY5REE R0 BLATINIE L, 4n B 2-5 s

a =i=a—g (2-7)
m

m

f RRMER ), a JoRWRIEBIER FIIRAE, g R E e

K 2-5 finask B2

Fig. 2-5 Acceleration measurement

BERRAX 3= F SR SV 1) e e o B2, 1) S B gl A2 B MR AE 3 Bl R e R v 7 A
fzhe, @A EE ST R HERREE) T R E . BL MEMS FREROAHT,
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BE AR A EURR, ERREE RIS R, BB R 2 BRI .
K e 2 e R I B I T B ) (R D R BERAS Al . ] 2-6 P

o
)
")

0"\.

w
-
S

N R

2-6 FEARALI &

Fig. 2-6 Gyroscope measurement
222 IMU IEERE

IMU S s 5 T A0 B BRI & RN B 5 A T IMU HUE, R RS0
U B G PR B SR 2, N R TH AN SRR A R UR 2 T DAy i e PR ZE B LR 22
B 58 PEIRZE T ARSE AR R, Bl it i) i i THE L 20E iRz, Bz
BB R IR M s A, AR e R, BEALIEE IR 22 . BHARTEOLT, 2 IMU
FRIRAS A Z 2SR RIS, St BN Z N 0, (ESEhrBdRIFATy 0, ik, fFE—
MRE, %W E S NE TR ZE, AT OB N AR E RS B A R 7 R ER
B T RER T U OIER, fEAABEEILRZER, Jo@ugHn. R5EE A
ANBEALIEAE W ZZ I 1) IMU IRZER T

{ @ =’ +b? +n°

i’ =q,@"+g")+b*+n

(2-8)

Ebr g RARPERRACEE, Ehs a o I TR K, w RO AR AR R & world,
b &7~ IMU 445 & body. @ Mla X7 IMU FJESHMEH, &Ma Kol EE.

2.2.3 IMU Boht&EE!

IMU [PJf2#% Pose, #JE Velocity, JE¥s Quaternion 77 A p. va q &as, EAIIR T
(B3R S 15

pwbt = Vtw
V' =a
0 (2-9)
qwbt = qwbt ® 1 bt
E 0
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Wi ZIH py ve qo 8 IMU R EEBEAT R 7, 9205/ INZIf p. ve g

Pus, = Puy +V'At+ [[ (0,52 —g")o T’
[i.i]

teli, j

Vi =V + j (qwqa“——gw)dt (2-100

tefi, ]

0
= ® ot
Ol J. R [ 1 wbl

tefi, j] 2

2.3 GPS RS EMIFTAR

XV 2 SERR ST 7 EERG i Az 2 ek BRI B, SEEAE 1973 SFEB T GPS 4
OB ARG, BRI LB RS SR ITIER, AERRE, GPS MfE -V
kAL MabTml, SRS T, REGSRA HYOEss, 53 LA
SR, ZRE T GPS LIATHE N AARALE, BEE TR MR ZER KA
He REWL, EEIRMEEF GPS N HIE 2R Z 1.

2.3.1 GPS E{iI[REIE

GPS B RGN, BN K 24 L2 S e iR, E5E &
43K, GPS LEB B ZIZIERLE MK H AL E, FTUERIR EREA B, #e
A F GPS &7 DA

N T REAE = AE S B P AL E, GPS 5 A7 75 2 2 /0 DU TR SR v S O LAE S Bk
EALE, TH, B AR R E T EORFREUE — BUN A, R AR S (E
SIS IE] o S2br b, TR TR BRI O R, DRI E R GPS TLE MR A
REZ T B PR, P i He AR B A) - S5 L 2 i DL s B o 3L A i
PRN fi5 &2 5 M BB W B B A 55 Pl RN R85, A L PRN #1345, GPS #%
RS FH A5 SR € T 15 5 N T AL AR B SO L R I (R 42 SR O R U &, R
TR BhFA RS GPS MAI[FEA, WE 45 RS e 22 . PR, o
PEETHE, A —ERWRE, AT RE, Sk b, FEZE AN b, L
EVEARTFEWHEIEEA . BRI E R Y, 2] &R
ONEERN S, PEIMENIX, Y, 2], BATHE AL N:

Si:\/(x-xi)z+(y-yi)2+(z-zi)2+b (2-11)

ERP AN BA =ARFIEL I B2 ot — AR, Ik, — 3RS R
B, KA T E DA AR, XA 2/ /5 BB R R S A E A R A dn sl 2-7 o
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& 2-7 GPS &

Fig. 2-7 GPS positioning

232 GPS EIIRE

GPS HIRZETF LAAr NHLES R R 22 W Z R 28 FSO LA 22 A0 T B2 2 g 22 S DA
2 BRAT BRI o H B RO ) % 22 AT DA T AH S (RS R R AT T PRl b, BRI
DU ZEAE N — NS, AT DURAR B 2 IR

GPS EAL 2 [FPI B2, REMA P OIMmZE, REE TS, DRBLE
RIS, T H BB 2 B0, rbUE M AP ERZE, SRR A N Oy
E

2.4 KEING

=

AR FEND T PRSI R, = AN BB ER A H A
BT, EENE TR HEMNEER, DOGEEMNINS . . EERIREAARIRE
Bl N T RGN EER, ARSCESRE TR DL SRR AE ATV FC ) ORB 4F4E T
VLRSI B, M PP SEERASTFARNLALE . S8 80 4 1 IMU AR KSR A
JREE, MR, DASOEaiiR R, JRES TR S A, R IMU £ AR R
R R, 8 Ja T AT A R & . S =8 MR 1 GPS ByE )y 3,
LA GPS AR SIEAE . GPS e fe /b 5 ZE B DU LA B i T A R DT 55
frE, BRI 7 HEMAEL, R RKILSERS T GPS (55 228150, ENFEE
RREEAG, H 2R
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3 E MM GPS fl A E AR Vi-rel 5 1G-abs BIEA 7

F3F MIRMY GPS BiE ENMAY Vi-rel 5 1G-abs HEM R

Mo AR TE BRAR,  THAEAG, 1 HIEmT AR (4 N RS L, XUH LA LI
BEA A I SRR . AN E PRI S AR AL IMU 82 R, B
BEE I (B OHERS , AP AE RARIRZE, 15 & 45 FUBCRBARE . A58 AR TS IMU #(
Fe B RIAR AL B, BRI R AR ER B B, W LR GPS AL, i H AR L
i GPS B 1L IMU FER RAIRZE, (Bt GPS RAFERILENSR, & 5 IR T
BUENLAKEH, it LAAT DURER 2845 R 8 145 2 Bl SRR — MRS A 0 2 121

AR RS — B N B S S &, ASOR BN IMU R HCIRESTIIN, GPS 2
HAIRALE, 2 GPS 5 5 B TP, BATRAEM & 107 S0 AL AR TH S IMU
Al E LB A IO AR R BOR A . AL BLRE T T AR SA B SO AR 22 I, %) — i
bR, R GPS SRV ERZ 1L IMU. @nl& 3-1 fw:

(x, y|z,6’x,9y,01) K
O] Camera > VSLAM Module
A
a,,a,a,o,0,0,
@ IMU ( 4 4 ) Local track
v
% GPS (xy.2) .| GPScoordinate
&, "| transformation module
ﬁ update
output
,0,v
EKF filter (p )

Kl 3-1 MaE 1Bt GPS Rl e fir
Fig. 3-1Visual inertial GPS fusion positioning
3.1 E3B4 IMU (M B2

3.1.1 BREMILEH

RoE AR Ao A A 17 AR IMU W25 BA — AL, st s AR
TRt 17— MRIFRINIRIZ B e R 200
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. 2
gzmmH%—HJH+§
%/_/ €

JelifE B

2 2
S ¢
%(ZM’XA‘+}2;JQKZ“’XM
IMUZ= ML AL R 2 (3-1)

ZIRE IR N =7, B oRkREE, 008 IMU BEM, 5
S ONERRG IR ZE . SRR S IMU BE @S B AR, s iR ZE R PIR
AR EIT AT AHE AT LUAERE, 75 BUHERT EUAERE BT AT R A LM SREFOTHEATIE AR
[ E=EIESAY

C:

-

QT+ ANAX=-J¢g (3-2)
J BRMES LLHRE, & RoRIRE

3.1.2 EREIRE

METAHLES (R, o — BB AL BERGRE R BT 2], E2 mE R Bhr
5[] 3D SRS TG TH AL EREAT B AR RIS R AR B IR ZE . R
FoR:

Kl 3-2 ELIRE
Fig. 3-2 Reprojection error
P, 5 P, 2 F—ANE AP FSIME, &P R 0, 5WINME p, < AAFE—E 1
W NTIMKRME, WFHEFES DT AP =[X,Y,,Z], HXREBRRLIRN
U, =[u,v]» ZSERARFR SRR AR Z Aok R AN 3-3 P

X

U, v
s |V, [=Kexp(&h) 2 (3-3)

1 i

1

s, IRERBRIEE, KREMIAZS, exp(&") EMPLLZH (R, o, BT A
FAERZE, T HARPLANS AR AN, B DART DA /s —Sfe el idll, @ LM 598K i, 65

18



3 E MW GPS A AL Vi-rel 5 1G-abs LW 7L

wERD, FEMILLLE, s

2

£ =arg mgjn%Z u —SlKexp(z:A)F’i (3-4)
i=1

i 2

3.1.3 IMU Mo S5NERE
(1) }ﬁ*u/\

IMU SRAEE 0 (1 2 LU=, AR ML BT AE X BUAIG, JUIE AR S8 7k B Z T A7 AE
ZA IMU RERESE, BrCATREXS IMU $00 47 B A B, XA — /N bl 2
ERRRSEHEAFTED TR, Wit EE.

||||‘HHHHHHH

i O O O O O

xihi. @ ®

MU: X X X X XX X X XX X X

IMUFEL 3« .
Kl 3-3 IMU S ARHLIN 0 5% &
Fig. 3-3 Relationship between IMU and Camera measurement data
IS IMU MY, 55 ZORAE B R 18] B A i IMU Bl #E1T AR 7 o ARYE 56 i
ZIRIALE . S LIRS SRARSE j N ZIRO AL E . sl DR FIRS =l (3-5) By
TR:

py = py +vyat+ [ [RY(@-b*)—g"]dt’

tefi, j]
Vo =vy j [R"(a—b*)—g"]dt (3-5)

teli, j]
Q= ® | 20(G-bt)gdt
teli, j]

AR R T IAIE, W, IREHEIREH p, v, ¢ B8 R BFNUEALER &R T 0
R R AR R T, g R BURAAES R T B A IS R S AR R, g" AR
RESINESE, & Fom IMU MAFHIIGESE, O FoR IMU G KRR, b Rominik
Bz, 0° RoR IR 2 .

Jaim A e, RESER G, v VR EE R IR, BT E AT
AR, Rt FARAR R AR B E i I 2 LR AR AR 2R T TH 5
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Ry Py =RY(py +vgiVAt—%gWAt2)+a§;
Rave =Ry (v —g"At) + 4, (3-6)

Ot ®0y =7,

) = j j (R” (4—b*)dt?
tefi, j]

po= | R*@-b%)dt (3-7)
tefi, j1

= [ So-boghdt
teli, ]

9 1AM RO B, 9 ) 2 B SR, (7R R
RES AR . LA SR R AR A AT S ILHTBLA) . IMU TR FL 5 D K fe
W R
(2) MEHE

i IMU W7t B0 5 TR A S0 2 DT T2 11 0 TMIU B0 S5 R 2

Lipot

e S R T
AO{E; R:j(pbj—pbi—vbiAt+§g AtZ)_akk)};
by o . .
A7, A0 e @) e,
Ay |= Ra (Vo —Vy +g"At) — 4 (3-8)
ob, b? by
% 5 -}

AT e o], 1R B TS e B . IR S 56 L R P
MRS, MR, ik fAR AL TSR AR A R e EE v B4 g0 5 IMU
WEE,

3.2 VO/IMU pi& LI VI-rel #f%

3.2.1 IMU REFiEsHFERE
HF IMU B TR R ZR T, EKF RGRPIRE S & LR
S =(p,80,v,,5b,,8b,)" € R (3-9)

pe RPF R M FBIFRTIALE, 60eR’ 2 IMU Abi &R F IR IR &,
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v, € RPFIRIE IMU AFR R T HEE, ob, eR®s ob, e R® Kon AT FEIR S IniE EE T
Pl 2 T o 5 4 R O ik T 72 SO R e SO(B) 5 TR ke e i o 1y L S 4 Sk
ReSOQ), il AR RAME EREIRE, W FHIR:

R = Rexp([56].) (3-10)

[00], =ikt ir 2 1n & so W FETE .

T LU ERGUREE L, RGURA SN2 EA T A S $oE XA
p=Rexp([56].)v,
08 =exp([00],)(@— b, —n,)
V, =-[@-3b, —n 1.y, + (Rexp([66],))" g +4—-5b, —n, (3-11)

ds
ﬁ%,ﬁ%@ﬁ?%%%ﬁ%%%wﬁﬁﬂgdﬁﬂﬂﬁﬁ%ﬁ@?%%:

O3><3 _li[vb]x _ﬁ[é‘e]x 03><3 03><3
83 O3><3 _[(‘A) - 5bg - ng ]>< 03><3 - exp([éa]x) 03><3
—<=|0 [Rg] [@-6b, -n,] v,] -1 (3-12)
oS 3x3 x 9 gdx bdx 3x3

03><3 03><3 03><3 03><3 03><3

03><3 03><3 O3><3 03><3 03><3

Horp 1, B B2 3x 3 I HALEEFE, 0,, RoR2 3x3 IFH M. E IMU Ml &
PRGNS IMU W2, RGNS T Fs:
W =(ng,n,,r,, 1) eR? (3-13)

ar'gr'a

FIF LABH 72 TRAE S kT 22 Gt A Mk 75 1 7R 4% b S B A

U O35 035 0s

as- -1 3x3 03><3 03><3 03><3

M = _[Vb L -l s Oaa Osg (3-14)
055 O las Os
U Oss O35 laa

322 EHT VO HIMIREHK EKF
IR RGEK ] VO XTI EAE R T Hr, i REURASTFEHR —5ERTH VO
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TR E LA p,s 60, SN IIRGUIRESIE) .
S=(",p,. 50,) €R* (3-15)

RGURSAIBILRE R, FUAIIERIPIRE p, > 66, 1T RIHITGAT VO IIIIE(E, FTLA
MRAAE R, SRS TR 0, WX TFHRA S HIRES LLAFE A

j's _ ( ‘]S 015><6] c R21><21
06><15 I6><6

(3-16)
jW :[ ‘]W ]E R21><21
06><12
BRI 28 P(k) e R®2, MG RGEMI )7 24535 77N
P(k+1]k)=J.P(k)J." +J,0Q(k)J," (3-17)
FT VO AN E AR E SO
Ap = exp(_[é‘evo]x)R\./ro(p - pvo)
(3-18)

A6 =log(exp(-[56,,],)RRexp([56],))
X (3-18) 1 Ap e ROEALES p,, BIARTALES p (UME, R, RIGHPIRAS MR ERE, R 2
HRDRAS HIHEHE R, 00, FomJhl e IR, 50 2Rl NER: f IR 2
TS VO AR I AR (R 25 LU A O S A T

HVOZLRVO Os R, [Rvo(p—pvo>]x] (3.19)
03><3 R\/ToR 03><12 _|3><6
EKF KRS EHr T -
lf=I5(k+%|k)HT(I5(k+1|k)HT+R)‘1 (3-20)
S(k+1)=S(k)+KF
W7 Z B ITREAN R R
P(k+1) = (1 —KH)P(k +1| k)(1 =KH)" + KRK" (3-21)

3.3 IMU/GPS Ra& E A IG-abs #5%

3.3.1 =T GPS ML Ay

IMU 5 GPS @l & R fa i & 1007 AN AT Bamh &, AERIER AR R T, GPS AL
SRR EAEE, GPS MEAALN:
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ngsz[ p+Rexp([o0], )t } G32)
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Hopt, e RP3RR GPS UL ARAR I IMU A-F5 5 (SRR RS, BTEL GPS B 53 1

gps

_ |3><3 _F\A)[tig]x 03><3 03><3 03><3 (3-23)
0, —RIv,]x R [tig]x 05,5

ASOFRF RE R, DY GPS LI & i T A R RS AN EE, el GPS )
O 5 A FH v B2 7 T (RO A% 5 T S P A RS R BE B EKF KPR, 1l 58 1 2R
AAEPIAN I 1) B RPIRES o
332 IMU5GPSEERIE

HH IMU FRAEIAR EL L GPS BRI mAR 2, A A 145 200 5 45 R I 8] I A
L. i AR AMEEME AT GPS 2IIAR RIS IMU HITRNALE, AT
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k-1 _tk—z

Py os IMU [IITRINALE, = GPS S RIMIEHIE R, RGN Pnau(tors)BEAT 58 -

PIMU (tGPS) = PIMU (tk—l) +

(tops —t 1) (3-24)

IMU
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tGPS

GPS

Kl 3-4 GPS 5 IMU ## [F] 20
Fig. 3-4 GPS IMU data synchronization
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(3-25)

Xia=AX (3-26)
PG 7 -
K =R He (HBH +R)™ (3-27)
FRE WL IUAE mT LA SE e PROIAE 40 1 Ffros -
Xk = )zk,k—l +K(Z, - ka,k—l) (3-28)
WAk 25~ 5 A B AE 5 k IS 2 R A 22 P 7 RS A«
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R B A O B B 22 7 5 R0 B B 5 00 I A B 22 7 5 R B B
A = Xy = X NTUNMERZE, B, RRYE 1 BZIM T 20 & w2087 2,
Z, —H X, UWIERZ

PRV T RIS B M A AT & 20T X, . RUTRGC A e T R, BT
RO, WO 7. B USRS SO0 FOE B A7 TSR 22 P 7 RS &

TR 5 Ak B TB] B 22 8 PN e 22 9 -

A% =X, =Xy s (3-30)
KA (327 A (3-28) fRAA (3-30) 15
AX, = Pk,k—lHI;r(HkPk,k—lHl-(r +R ) (Z, - Hk)zk,k_l) (3-3D)
M S5 THEZ 2 R:
Z,—H,.X, (3-32)
¥ (3-27) A (3-28) RN (3-32) fkififs:
Z, - Hkxk =R (HkPk,k—lHI;r +R)(Z, - Hk)’{k,k_l) (3-33)

HB4 TIMAE AR 22~ J7 FA
AXI Pk,k—lAXk = (Zk - Hka,k—l)T (Hk Pk,k—lHII + Rk)_l

; o (3-34)
[l - Rk(HkPk,k—l)Hk + Rk) ](Zk - Hka,k—l)
NLIAE B 22 ~F-T7 RN«
(Zk - Hka)T Ril(zk - Hk)zk) = (Zk - Hkxk,k—l)T(HkPk,k—lHkT + Rk)il (3-35)

Rk (HkPk,k—lHl-(r + Rk)_l(zk - HkX\k,k—l)
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1 b 2 T BUE AR T A R S HIIE A 5%, 2R Ik 221 Jr A &
HIGORISS R 0 B2 N 2 FRE A7 A 7]

3.4 SCIGIRZ

3.4.1 VO/IMU gh& M gETFH

AR A EuRoC RN VO/IMU file FREAT Y. BESHA R, —
AR TFEAR B T2 B2 1) EHT L5, 53— Vicon == . AR SH 50704
IR Y . TE BRSNS . ACKEAH T MH_02_easy 5 V1_02_medium P
AR S B R AR R B0AE, F5 T H A it VIO R4 VINS-fusion
I evo THAAPOME T LB .

(a) EHT NL& (b) Vicon ==
K 3-5 EuRoC #fE &

Fig. 3-5 EuRo0C dataset scenario
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Leica MS50 ¥ 6 R EFFH AR IR AL groundtruth FIEHE KEE, EALREEE Al LA F= K
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H A 3-6(a) Ay VINS-fusion & 17U, 3-6(b) N AR SCE LB AT PUIE, Wi #55 rereference
HATXEE, B reference A MH_02_easy $#2fL 1] groundtruth, 3525 VINS-fusion
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Fig. 3-7 MH_02_easy absolute error
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TRE 5 A 3 B A 347 S2 5656 1E . utbm_robocar_dataset BIHEEEL FiT A RTK vk
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Fig. 3-10 Utbm_robocar dataset trajectory
3-10 J&7r 1 GPS MEERN& 5 L&, bl il v GPS ML, 4
539 GPS 5 IMU RilG Ja L. WS KB 2. K 3-11 J8ox | GPS HUik St
a2 [EAE x y 77 ) BRI R 2, x J7 R BB IRZE A 5.8795m, 4EX}-1-15
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Fig. 3-11 Trajectory error
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Fig. 3-12 WTGPS-200 sensor
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Fig. 3-13 WTGPS-200 sensor
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TRIE, RN T8 A, R RIAILGE A% I A SRR IR 5 Bt ] AR ARt B . =4
Wbl BAR W] LUK 22 845 SR ok, ERAEHE IR A B B R, B LA =43t I
AIER, R AR BRI 7T T 00 F AL o A S s 1) 4 X 3 [ B0

4.1 WEIMAFEYREEEERFIRE

T AR R AR 1 A% SR R A 20 T () e e, A 88 30| IR i 420 - 1) I A 1) DX s B
TP A B A — AR AR, T X AR EE A X L B T R A A o A A S IR A B AT
P, T A A A B RN 1) 1) 50 7 XA DU 43 3R 9 AR IR S o B T A AR 2R 0 AT
A7 BT AE i P e g )N 7 RN R 221 A [t DN 2 P W P 5 AN o R 2 A U
S5, FrUE R VAR AR B R I, 75 EDR e 75 5 A e FE B R kR
4.1.1 IBIEERFIRE

NGRS & R By RN R I AN S U ey i i M == S el [
— 15 P LEFANLALAR R R IIARFR N Pe=(xc,veze) EFEES Ip & XU

lp=y/X2 +y?+2° (4-1)
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Fig. 4-1 The influence of significance factor k on ISM
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Fig. 4-3 The influence of significance factor K on ISM

FH P (4-3) A] i) a2 5 2 ek ) & 25 SRR 2R A s, ol ) 0 i o P ) R R e ik
ey, S ELAR I R AN R 2 B A B BB Nk, ELRIA B AR EE o b,
A BT AR N R FPIRZS

43 —HEMEHDERE

o 408 A 1 P PR B0 2 8 PR 2 ORI IR/ INESI ST ) B G, X B8 L T A7 o PR IR IR A
FAFE, X EAE EORAIB Y AT EDIROL, A . BN R =FRE . SHIRE
REZ TG N ARG, TRRESREZ IS TCRESGY, PLes AvTH HisE1T,
RIPRESARERARRR X D RITAE AT LLE S — MR ER R E R B S,
MEZEM 0 B 1 AR IR NS IR T N T HIRAS, 0.5 KR ZF oA RS R H0

AL BRI A z DLRMITIR B ¢ B 2038 x, BinT PLTHE L m 1) 5 S0 MR
R, W[RINA p(m|ziX14)o

B YR AL TS ABFR R T, AR AR RSN EE 5P NEE x G, TGRS
HIFRNEESE, WHE m B 532 0] LLIRIR A p(m|zi:0) -

W E R A T IR 2, W E S AR 2 MTRe, 2 RBUhEIRE 2.,
It DA 75 B T — AN B A I JE 50 20 A, H P m 52 00 BOAH R RSH IR PR BT, 2
ARG TCI GRS B mi, p(mi= V)RR | DA I G RN, p(mi=0)3
TNER TN ITIRE IR, B AR R T R 38 A RO Y p(milzi) -

34



0545 YRS IERE IR R

BV 3 el W g B0 0 2 [R) SR AR ELASZ Y, 5RT DAKE ] m s R — A A% B0 fE 56

I3 AT AR
p(%mz...,mnum):ﬂ p(m | z,) (4-8)
DERREA TR SR, MR b — & B o R B MR R AR AR, R
X M BT BB . TR 0 AN A BTG AR SR AR I B 2 B I R RS 5 A AL, R
k) DU S R A SR AR R B R A R S ASIAEE  SPE AR, aad DU 2k )y

/
15:

_p(zlm,z ) p(mlz..)

p(mi |Zl:t)_ p(ztlzl:t—l)
— p(zt | mi) p(m| |Zl:t—1) (4_9)
p(zt | Zl:t—l)
A58 DU W p(ze|mi) F& T AT 45
p(m; | z,)p(z,)
p(zIm)=—"""- (4-10)
( ) p(m,)
B (4-100 ARN (4-9) A AJEEE i A0 WAL b5 4 FOER N -
_ _ p(milzt)p(zt)p(milzl:tfl) (4-11)
PIM 1 2) == S b (2 7o)
[ BE O] 1528 § AN s S S NS RE R A -
_ p(m|z)p(z)p(m|z,,)
m|z,)= = (4-12)
PO 2 ) = = ) (2 1 2os)
FHAR (4-11) 52/ (4-12) MEmr1S:
p(m|z,) _ p(mlz) p(mlz,,) p(m) (4.13)
p(Mlz,) p(mlz)p(mlz,.,) p(m)

XAl (4-13) 555 P g [ iy O £ ] 45

|og£p(m“zh)]=|og[p(”“'4)]+4og(fﬁﬁihﬁhﬁ]-wogﬂﬂﬂgﬂJ (4-14)

p(m |z,) p(m|z) p(M|2,,) p(m;)
AT ERHUE AR 5 IR R (R PRI ZE 0-1 Z A, KA log-odd 2
KL EWER, R

L(mi|zm):log£p(m‘|zﬂ)] (4-15)

3l

p( i|ZJ_'t)

MmATR (4-14) 715 K:

35



PN N2 T e DA

L(m |zy)=L(m]z)+L(m]z,,)-L(m) (4-16)

IR (4-16) FIRD L(milzr.0) AR 12 B BE 8 = SRS /I\I_Jff%$ﬁ59 o 3 A8
H, L(mi)z) & 38 I AR A B AT B ¢ I 20 IR, 12 m] DLIE TS ISM AR I A 7Y
7€ L(milzr.e ) IRT— I ZIH SARHER,  L(m) R EIR K0S S

4.4 ETMREMNZHEMSELEEERIE

4.4.1 ORB-SLAM?2 #EiA&
ORB-SLAM2 & — /3T SR SE i) SLAM R48, SFr8H, W H LK RGB-

D ML, HZRFACT TEREE (Tracking). 2K (Mapping). FEfI (Relocalization). [
PRI (Loop closing)» 1% RSt AW S TH B AL NI, [RII AR Rl i 1 i =t

TRACKING

Pose Prediction
(Maotion Model)
or Relocalization

=0
¥

Track New KeyFrame

Local Map Decision

Stereo/RGB-D| ||Pre-process
Frame Input

RECOGNITION ~ MAP KeyFrame é
i Insertion || &
e | B
Reclified Stereo i Recugnilion ::‘:rllin.;" E
AR Stereo Database New Boints g
i| Left | [Extract Stereo Keypoints Creation
i Image _..‘ ORB [~ Matching Mono Loop Correction Loop Detection Local BA
i Keypoints Optimize Local
[ L[| L AR B ER A
| Image | :
R eteesd} FULLBA LOOP CLOSING
N N > T
(a) RGHIIEL (b) RGHINUANLRE

K 4-4 ORB-SLAM2 ik i fE K
Fig. 4-4 ORB-SLAM2 algorithm

PR 2 R A L R AE A B UG FC TR X SR AR 5 T — i IME B R 22, ATt S5AH
PUEE—i R IREAL, R A AR R T R 3 BA SROCAL G i 5 ot ot IR ERRE £ 5T
R A5 P U A RAS N EE8 15 ) () DX IO F A I RAR TS « 225 AL Ja | 3h 28 DY A
LRFRANAC BT R] (1) B 30 02F . ORB-SLAM2 RS (f75 R R = e/ Mb, I HATR
NS L o B N N R 4RI T ORB HRHIE LU B s 2 T 23R 70 A 455 1) 2 B
IXEE T e AL e FE AN 4 807 THARAE € » [FI SOR] BLPRIE SEICA UL AL, i 2 1 S PR EOR

36



0545 YRS IERE IR R

442 REESE Scan IR HIBIRRIE

A YC

P(Xc,Yc,Zc)

Kl 4-5 (8] s AEAHNLT T B i

Fig. 4-5 The projection of a space point onto the camera plane

Scan H# 2RO EERS I —FhoE 3, BRAEE & IR EEE B0 — P4
we B p (o y) RIERFEEF—S, MRS Oc BIWRFTEFIINEER A Ze, ML
MEERE N f, P s IANLALRR N P (Xe, Ye, Ze)s

TRIE B scan A% B 1 3 2L B AR 20K — o B YR L P9 B A T4
LA 5 A1 FE 2 W] 4-5 R TR B4k AOc 1 BOc WISk AOCB, HH AW NHiR:

0= arctan(g) (4-17)

RPN AL LG, ¥ H AOCB B SR FE B HHoA 6 B[ Scan #5408 B H550 F
R FE I ) S aT i, ARG s N BEN a0 SOKFER B, XA B IR FE AR
25N Ny, B4R LB — DA laser[NPRERFIREAE, WA — & P #
S22 laser AT R GHE n IHEITIEINT

o _0-a)
(f-a)IN

LAZE 8] — i P AE XcOcZe VI E3EZ I R B 260y Oc IEEE r BINAE laser 24
BT T

(4-18)

r=0B =+/x?+12° (4-19)

JUJLE R P2 P b — S BESG L N, S SR BB 3B BN A, DU B 48 R 1 R
By OB ORAIE 1R DU I B E — e v BV T A Bl RS A o

37



PN N2 T e DA

443 EHT ORB-SLAM2 By =4 HiEM& it EHEE L RTE

AR MINLRAE G il ORB-SLAM2 $2 it 5 17, 1Z AR HLIE I — 4~ ROS
ek H A HEGSHEEEBEFE, ORB-SLAM2 R41T WXL I BE N R4
FId N, s ANLERINLZE xo KX H FENLAE B IR B 5 i85S DepthToScan BhEgfl
Ak ROS “F & T Scan # M EMHE . ISM 1 A& EHEALE T AN % x 5 Scan H¥
THHEAR]EHEME, JEiEd ROS T4 T Occupancy Grid Map #45 —4EM R, 5k
MAEEW T AR

XH ARAL

XH K5 I KB

A 4 A

ORB-SLAM2 4 DepthToScan

A 4 A

LEDIRDAS Scan¥{( 4

A 4

WAL SRR TSM

A

A 4

Occupancy Grid Map

K 4-6 —ZERAS Hb B R g T

Fig. 4-6 2D grid map construction flow chart

4.5 REEEE Scan #IE

Kl 4-7 () @imzE—mEeaih, B4-7 (o) MR PRERE, Eda4git
o3 RN EE— SIME R B BT 1

38



0545 YRS IERE IR R

& camera x | && Camera x

(a) JRIRK (b) HEH
K 4-7 REE

Fig. 4-7 Depth image

¥ v Global Status: Ok
v Fixed Frame O
» * Grid &
Lase =

Autocompute Val

0
&

Use Fixed Frame &

4 &

Add

@® Time

ROS Time: 5467232 ROS Elapsed: 13.55 wall Time: |1568764672.35  Wall Elapsed:  13.55 Experimental

Recot | Left-Click: Rotate. Middle-Click: Mave X/¥. Rlaht-Click /Mouse Wheel= 7oam_ Shift: Mars antionc 31 fp1

P 4-8 Scan #% A4
Fig. 4-8 Scan data

4-8 JELE Rviz I T & T scan Hfi fR B A, Horh 20 G AR /0 ACER AR 31 i
154

4.6 AREINGE

A w FEIREX HATRZ B SLAM R4t W g fa tH ARV AL S i i 2= 1
B, IEASRET NS NS B A, SR 1T XUH AR RSB EF K VO-
Scan 5%, Ho, XA MHUEIL NG T X0H AP AL AR, FExt AT
TVEAAHES:, RIS 4 4 RS B AR AT 1 PR AHE S, RO E AL R

39



PN N2 T e DA

RIER B, S S ) AR IR AR R (R IR PE e, i 0 1 T 00 H SLARAL B 1) — 4
o 9 R T T %6

40



it

S E ST
FS5E ZWEDH

AR B 2 R A W RS M B SR AT VR I SEG I RO B SR IR A5 R, AR SRS

ZURBHT TR IR AR, AR B H A AT

=
52 I E

AL F 4 9N Intel(R) Core(TM) i5-9300H CPU@2.40GHZ  PU#% )\ £ FE, 8GB A
7 1660Ti &F, KM Ubuntul6.04 #:1E 24t, ROS #AE R4 AN Kinectic iiA<, #H

MK FH MYNTEYE s1030-IR.
ROS #1ER S
Application
NHE Master
ClientLibrary Nodelet API
i ]2 TCPROS/UDPROS
0s)z= Linux
5-1 ROS %4 &

Fig. 5-1 ROS structure

ROS #A1FE R G R T %5 Hlas NEAERE e 10— M B B RGP A 284, '
2007 SEECUE T HTHEAR RS, ROS SABCTHI H bR 18 miLds AW R 2 %,

ERATEEEGEH TATHE, MEDEE. s NTRESRGS 5. BAFUT

TR A

5 TCP/UDP l1Z &4, &S ZHLETE);

(2) ZiBE R, BOEXS5IBES LR,
LR

(1) B M st B2 R8I0, SCRra i 81577 3Kk RPC

& oran

(3) ZEFIHS T,
41



PN N2 T e DA

(D AFEMHMHTEA, B Gazebo YEA M EE A, Rviz HIETMAAT &, rqt
T RAAZER K TTAE T I RN B
(5) %t HITH.

5.2.2 MYNTEYE f8#1

5-2 MYNTEYE s1030-IR

Fig. 5-2 MYNTEYE s1030-IR

N TR SR LB UE R H, SERE SLAM BIF T IR AR FE AHML T 6, Wi N 10FPS
Fl| 60FPS, 7y 752*%480 IRFE K #iZ AT CPU/GPU FIikH| 752*%480, S(HF IR,
BER TR 6.0%6.0 ek, 4N 120.0mm, £EEEN 2.1mm, REETAERE A 0.8m F
5m, IFEN 2.7w, KA USB3.0 £imttdmn =, CHF ubuntul6.04, ros #E R4 kinetic
FA, 4 TR ZHBOFEDH R, 4 ORB-SLAM2. OKVIS. Vins-Mono. Vins-
fusion. VIORB.,

5.3 1AM

53.1 ZERNSLIG

AL FUEFASEE, WHBSE BE U PRg —HE T, Wi 5-3
Fizr. Bl 5-4 JRR 2181 ORB-SLAM2 2 S04 2 (1 SE 50 % M B i = s B 5 AL i
ZNIE, K AR R s, B RARD LW T RS, S
RARFAIHUR LS B, 36 N7 ORB-SLAM2 f{5CHEM . AR SEE 2 [l Sesils 5z
2, WG R M E AR e e SR = A, 1 R O R
VLHC A i) — L85 AE A

42



Kl 5-3 =N

Fig. 5-3 Indoor scene

K 5-4 A7 MR Ao A

Fig. 5-4 Sparse point cloud map in indoor scene

5-5 72 RVIZ 76 R T ASCEAM B =N ERg s, RO RE
RIBERERS I S, Hothh 7 W9 B Xk, B AR B AT LIOR S04 ) Se it == Feis 15
Bo AR TR BE I B VG FEA 0.8m 2 Sm, Y REAGA) EE B BEAT ) LU AR B, /)N
T 0.8m & FHOMEAE AR, FEE 5-5 o BT PTG B T R, AR
M L A AE RS AS o (ERAE /2 A0 S T LB 1 H B S )

43



KRB TOREA AR 3

Kl 5-5 SN T 48R ]
Fig. 5-5 2D grid map of indoor scene
532 EIIW

FANSLI PR e — A1, BRI S R EARRBOA, W] 5-6 fs. 18 5-7 %
SN B A 1 B DL S B o 20 AR BT N B s M, PR
PR S s, SRERZARMILNPLEE R, EENZRS ORB-SLAM2 ]

Kl 5-6 4

Fig. 5-6 Outdoor scene

44



H ] R A

RS

K 5-7 =AM T IR

Fig. 5-7 Sparse point cloud map in outdoor scene

Kl 5-8 FAh75 ) 4ERMIRS MR
Fig. 5-8 2D grid map of outdoor scene

K 5-8 Jreos 1T ASCENE MR ) 4R AN A IR L], Jf il ROS RGN
RVIZ WAL &R, EIfhar LU /N I R BRI bmic ik, i HALw] L
SRR bR I AN 25 LY VA - R R I e IS DS [ A5 /8

45

https://www. cnk1. net



KRB TOREA AR 3

5.4 XTEE o HhsEiG

A SCH R B 15 RTAB-map 2 B0 B 58 b — 4k PO Hb ) 5 ZOSEBR BEEAT
tb. RTAB-map /25192 Sh AL MR T7i0:, 1 2013 4EBLK, BAE R — AR
HEAT RAT, AT PO BT R AL B BRI e SRIBAT S RSO T i 1
E, PR R S R R R, B B RGB TR IR M M . it
ROS P F [y RVIZ ¥4 LT P 0 Tk — b P e — A B B, 01
5-9 . It 5 ECSCIREE R FIRE MO0 B TR L

Kl 5-9 S AM7 R I 4E RS b E R I

Fig.5-9 2D grid map marker for an outdoor scene

P 5-10 RTAB-map 5y 2 — 2k R K 4

Fig. 5-10 RTAB- MAP algorithm to construct two-dimensional grid map
H A SCRLE A H 0 H AP E AL v A% k&, BITEL RTAB-map [FJFERFH XU H £/

46



WS E ST

SR FIRR I SN A IR SR IR 5-1 FoR, R SEBMERIE TS RO R
SEI LI &, M EAE R AR RVIZ AT T & TSR E T RS, Prolira %
YA Ve IR E, (EAR A GE R T RIA SRR RBAR B AR R as ) WPk fg_EC T
RTAB-map. HTASCKH] ORB-SLAM2 FyLRHHEEAE S, SENHE 5 T 51V RTAB-

map 4103,
R 5-1 2D WHE Hh ] 5 B SZIA BTN L

Table 5-1 2D grid map vs. real environment

AR RTAB-map

mE 3w E WME R ZE

H/m  /m H/m  /m
LBA 357 3.42 0.15 3.31 0.26
BB 432 4.19 0.13 4.03 0.29
B C 328 312 0.16 3.04 024

b=y St PR
popd {B/m

5.5 ARENG

AT SN SIS G AT T R, /£ ORB-SLAM2 [F)3EAE_E#ET T — 4E MM 1 1K (1)
g, alEsE T ZEN S EARETHATIN, 1EE WIS LR 7 B 5 ML A
FREEGE, TR RG], LS 8UR X IO RS W, T E AN AR,
BRI EEATE R FE M Y 2 P, T DA B A3 Wi 1 4 B B RS A B . IR 5 RTAB-
map XF EE AT, A SCRT DA i 2 WL A N W B S A2 P 4 D ]

47



PN N2 T e DA

48



HeowE S RE

FoE FRISRE

6.1 251

BRENLAS N B K i id,  Frali o 8 A 5 i I EAS BRI 2 B2 IR
AN R 5 AT LR AN [F] (AR S 2 o AR 3 58 A AR PRHHE 3)) 5 SUBRHIE 2 B T 25 5
SECEARMG, M5 IMU F1 GPS [WRhE taT LR Z 413550, a0 IMU BB 7E LR
IEE) NI INEE 5 M, GPS Aelg W I 7 SRS AL BE 2. A T &ME
B, R AR oA B R AR 3 1) MBS 20T BUXT & Bl A B AT R A

AR SCIEIE AU B TR AL B AR B S, 3 e W SR LU AR R A, B RERE
WL EAME, AR I P B Sk 2 R )R 219 B FLSE RUEE, 1 HIAE R H AHHL A 2 4
I GPU M AbFE THE IR B IS, WA Rk TR SR . ARSCFFL T VOIIMU,
IMU/GPS 4/ it 7775« LA KR FH ORB-SLAM2 (128 2513 BN 7 — 405 I A%l I 1) 5 9%
il T SRIIE, HARTT AR W T

(1) HAEHEFL T E AL A B AR A, DA AR o () B A SR B, AL
PC 523 THE T . IMU JE s 2 5 A AR 0 T R NIR R (5 B B A S, Jfxt
HARZRA, BT THEFS . AR GPS [EA AL R EE, 52 A1 iR 23T 40T -

(2 BEXF AL 5 8 A AE RS BPIRAS T 2 R BUE A RN S, 8 73T VO HH
SPARASHEH 1) EKF [ Vi-rel 7515 N T B NAIZ B3R — MR IF I RIA S IR 203,
BT AT AL R R 2, IMU SRy DURBRZERSY, &Gt vO 5 IMU @i
BRGNS A AL EARRR AL, SRIFLASTFORAE . MWORAEI LS B4 — AN Je il
ELEASTIIME] IMU T PR o, LI IRASHERE, FEXG) RS LU AR R AT
T o HAH I VO I8 2255 50 BT Ik bR A S B (1 S AL AR X I S 2R A Ry
EKF UL R AT B30T, JRHES 7 OB () Tt o5 LU AR B, el i s A adk AT S ie B
ik, 45K BRI R Z . VINS-fusion 2/

(3) S5 DAL AR AE SN O PR Ao 2 A I L, $RH T 2T GPS 4
SPIRAS B #T EKF ) 1G-abs J772:. GPS 5 IMU KA1 EKF $dEat & 771, IMU
ST HIAIZ SPIRAS T, $LALTN 7 FE, GPS FEALUMNI 75 72 H R As, (H2 HF GPS
WEHTZRZABNFETH I FE, SEOWMERZRK, — s
i PR EER A GPS W& AR A2 AT 5, (R R SR H AN o onT DUIE S Pl %
Z2 -5 R UL 222 S 7 NSRS W B i (IR A 2 7R T EE

(4) BT R 28 SLAM Bk R E A E B S5 M A s K, TiERsy
(AR B BRAEE, $2H T 3ET ORB-SLAM2 () 4 W #& 3 B H 2 1) VO-Scan J7i%. H

49



PN N2 T e DA

AR Z B SLAM # Bt 2 2545 25 i B A S O AR il = 3 1B, 0of el RPN 1 4
RRPCRAR, B R LU A ot 1S 255 B S PR LA A s — e A% P A J
AT IR . 5, R SLARAHBLIIER BE B B0 Scan K EHE, 810 H A1
WAL KA S ORB-SLAM2 FUAH S E R, T H ML G R E MR, JfiaE
AL 30 A AR RS SEOHT AR ) PR, B8 ROS TG SRR IGHIE, W] AR AEHLAS
NS R ) 4 4R A 3

6.2 RBE

SR TN NBE 1 S0 FURS T BRI, 430 VO/IIMU. IMU/GPS $ifa il & DA S —4E R %
BN A< V) i I S NV X T DN 6 i 2 I B

(1) 1T GPS X T R EIRZHOR, ASOFRI R IIATE, ATELGIAS
s v S8 FLA A R A B DI P A

(2) ASCRAE ZYEMUAS L B R Dk it R vh, SR TR RE LR 2 AR
HA LKA IR A € AL E B SIN, AT DUR EE Bl i A% S 2545 B 9 NS R 1
He S S TP RS e A T

50



S 25 3R

B2 SRR

[1] £, Z£—MN. 5 SLAM Bt EI]. 2 68 K454k, 2020, 15(5): 825-834.

[2] Cobb H S. GPS pseudolites: Theory, design, and applications[D]. Citeseer, 1997.

[3] Yousif K, Bab-Hadiashar A, Hoseinnezhad R. An overview to visual odometry and visual SLAM: Applications
to mobile robotics[J]. Intelligent Industrial Systems, 2015, 1(4): 289-311.

[4] Ryu K, Dantanarayana L, Furukawa T, et al. Grid-based scan-to-map matching for accurate 2D map building[J].
Advanced Robotics, 2016, 30(7): 431-448.

[5] Sun S, Xu B, Sun Y, et al. Sparse Pointcloud Map Fusion of Multi-Robot System[C]. 2018 International
Conference on Control, Automation and Information Sciences (ICCAIS), 2018: 270-274.

[6] Vatansever S, Butun I. A broad overview of GPS fundamentals: Now and future[C]. 2017 IEEE 7th Annual
Computing and Communication Workshop and Conference (CCWC), 2017: 1-6.

[7] Mirzaei F M, Roumeliotis S I. A Kalman filter-based algorithm for IMU-camera calibration: Observability
analysis and performance evaluation[J]. IEEE transactions on robotics, 2008, 24(5): 1143-1156.

[8] Caron F, Duflos E, Pomorski D, et al. GPS/IMU data fusion using multisensor Kalman filtering: introduction
of contextual aspects[J]. Information fusion, 2006, 7(2): 221-230.

[9] Melbouci K, Collette S N, Gay-Bellile V, et al. Model based RGBD SLAM[C]. 2016 IEEE International
Conference on Image Processing (ICIP), 2016: 2618-2622.

[10] Younes G, Asmar D, Shammas E, et al. Keyframe-based monocular SLAM: design, survey, and future
directions[J]. Robotics and Autonomous Systems, 2017, 98: 67-88.

[11] Sanchez-Rodriguez J-P, Aceves-Lopez A. A survey on stereo vision-based autonomous navigation for multi-
rotor MUAVS5[J]. Robotica, 2018, 36(8): 1225-1243.

[12] Klein G, Murray D. Parallel Tracking and Mapping for Small AR Workspaces[C]. IEEE & Acm International
Symposium on Mixed & Augmented Reality, 2008.

[13] Engel J, Schps T, Cremers D. LSD-SLAM: Large-scale direct monocular SLAM[C]. European Conference
on Computer Vision, 2014.

[14] Pire T, Fischer T, Civera J, et al. Stereo parallel tracking and mapping for robot localization[C]. IEEE/RSJ
International Conference on Intelligent Robots & Systems, 2015.

[15] Engel J, Koltun V, Cremers D. Direct Sparse Odometry[J]. IEEE Transactions on Pattern Analysis & Machine
Intelligence, 2016: 1-1.

[16] Mur-Artal R, Tardos J D. ORB-SLAM2: an Open-Source SLAM System for Monocular, Stereo and RGB-D
Cameras[J]. IEEE Transactions on Robotics, 2017, 33(5): 1255-1262.

[17]1Yun S, Ji S, Shi Z, et al. GPS-Supported Visual SLAM with a Rigorous Sensor Model for a Panoramic Camera
in Outdoor Environments[J]. Sensors, 2013, 13(1): 119-136.

[18] Konolige K, Agrawal M. FrameSLAM: From bundle adjustment to real-time visual mapping[J]. IEEE
Transactions on Robotics, 2008, 24(5): 1066-1077.

[19] Afia A B, Escher A C, Macabiau C. A Low-cost GNSS/IMU/Visual monoSLAM/WSS Integration Based on
Federated Kalman Filtering for Navigation in Urban Environments[J], 2015.

[20] Amedeo V, Giancarmine F, Domenico A, et al. Differential GNSS and Vision-Based Tracking to Improve
Navigation Performance in Cooperative Multi-UAV Systems[J]. Sensors (Basel, Switzerland), 2016, 16(12).

[21] Yu S, Nuske S, Scherer S. A Multi-Sensor Fusion MAV State Estimation from Long-Range Stereo, IMU, GPS
and Barometric Sensors[J]. Sensors, 2017, 17(12): 11.

[22] VINS-Mono: A Robust and Versatile Monocular Visual-Inertial State Estimator[J]. IEEE Transactions on

51



PN N2 T e DA

Robotics, 2018.

[23] Chen X, Hu W, Zhang L, et al. Integration of Low-Cost GNSS and Monocular Cameras for Simultaneous
Localization and Mapping[J]. Sensors, 2018, 18(7): 2193.

[24] Gakne P V. Improving the Accuracy of GNSS Receivers in Urban Canyons using an Upward-Facing
CameralJ], 2018.

[25]1 Qin T, Cao S, Pan J, et al. A general optimization-based framework for global pose estimation with multiple
sensors[J]. arXiv preprint arXiv:1901.03642, 2019.

[26] Engel J, Schops T, Cremers D. LSD-SLAM: Large-scale direct monocular SLAM[C]. European conference
on computer vision, 2014: 834-849.

[27] Santana A M, Aires K R, Veras R M, et al. An approach for 2d visual occupancy grid map using monocular
vision[J]. Electronic Notes in Theoretical Computer Science, 2011, 281: 175-191.

[28] Kamarudin K, Mamduh S M, Shakaff A Y M, et al. Method to convert Kinect's 3D depth data to a 2D map
for indoor SLAM[C]. 2013 IEEE 9th international colloquium on signal processing and its applications, 2013:
247-251.

[29] Goeddel R, Kershaw C, Serafin J, et al. FLAT2D: Fast localization from approximate transformation into
2D[C]. 2016 IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS), 2016: 1932-1939.
[30] Dia R, Mottin J, Rakotovao T, et al. Evaluation of occupancy grid resolution through a novel approach for
inverse sensor modeling[J]. IFAC-PapersOnLine, 2017, 50(1): 13841-13847.

[31] Hull G. Real-time occupancy grid mapping using LSD-SLAM]D]. Stellenbosch: Stellenbosch University,
2017.

[32] Clemens J, Kluth T, Reineking T. B-SLAM: Simultaneous localization and grid mapping with beta
distributions[J]. Information Fusion, 2019, 52: 62-75.

[33] Xu L, Feng C, Kamat V R, et al. An occupancy grid mapping enhanced visual SLAM for real-time locating
applications in indoor GPS-denied environments[J]. Automation in Construction, 2019, 104: 230-245.

[34] Quigley M, Conley K, Gerkey B, et al. ROS: an open-source Robot Operating System[C]. ICRA workshop
on open source software, 2009: 5.

[35] Da Silva B M, Xavier R S, Gongalves L M. Mapping and Navigation for Indoor Robots under ROS: An
Experimental Analysis[J], 2019.

[36] Grisetti G, Stachniss C, Burgard W. Improved techniques for grid mapping with rao-blackwellized particle
filters[J]. IEEE transactions on Robotics, 2007, 23(1): 34-46.

[37] Labbé M, Michaud F. RTAB-Map as an open-source lidar and visual simultaneous localization and mapping
library for large-scale and long-term online operation[J]. Journal of Field Robotics, 2019, 36(2): 416-446.

[38] Lemaire T, Berger C, Jung I-K, et al. Vision-based slam: Stereo and monocular approaches[J]. International
Journal of Computer Vision, 2007, 74(3): 343-364.

[39] Rublee E, Rabaud V, Konolige K, et al. ORB: An efficient alternative to SIFT or SURF[C]. 2011 International
conference on computer vision, 2011: 2564-2571.

[40] Viswanathan D G. Features from accelerated segment test (fast)[C]. Proceedings of the 10th workshop on
Image Analysis for Multimedia Interactive Services, London, UK, 2009: 6-8.

[41] Calonder M, Lepetit V, Strecha C, et al. Binary robust independent elementary features[C]. Proceedings of
the European Conference on Computer Vision, 2010: 778-792.

[42] Lepetit V, Moreno-Noguer F, Fua P. Epnp: An accurate o (n) solution to the pnp problem[J]. International
journal of computer vision, 2009, 81(2): 155.

[43] Rusinkiewicz S, Levoy M. Efficient variants of the ICP algorithm[C]. Proceedings third international
conference on 3-D digital imaging and modeling, 2001: 145-152.

52



S 25 3R

[44] Kos T, Markezic I, Pokrajcic J. Effects of multipath reception on GPS positioning performance[C].
Proceedings ELMAR-2010, 2010: 399-402.

[45] Chu T, Guo N, Backén S, et al. Monocular camera/IMU/GNSS integration for ground vehicle navigation in
challenging GNSS environments[J]. Sensors, 2012, 12(3): 3162-3185.

[46] Lourakis M, Argyros A A. Is Levenberg-Marquardt the most efficient optimization algorithm for
implementing bundle adjustment?[C]. Tenth IEEE International Conference on Computer Vision (ICCV'05)
Volume 1, 2005: 1526-1531.

[47] Yuan Z, Zhu D, Chi C, et al. Visual-inertial state estimation with pre-integration correction for robust mobile
augmented reality[C]. Proceedings of the 27th ACM International Conference on Multimedia, 2019: 1410-1418.
[48] Fakharian A, Gustafsson T, Mehrfam M. Adaptive Kalman filtering based navigation: An IMU/GPS
integration approach[C]. 2011 International Conference on Networking, Sensing and Control, 2011: 181-185.
[49] Burri M, Nikolic J, Gohl P, et al. The EuRoC micro aerial vehicle datasets[J]. The International Journal of
Robotics Research, 2016, 35(10): 1157-1163.

[50] Grupp M. evo: Python package for the evaluation of odometry and slam[J]. Note: https://github.
com/MichaelGrupp/evo Cited by: Table, 2017, 7.

[51] Yan Z, Sun L, Krajnik T, et al. EU long-term dataset with multiple sensors for autonomous driving[J]. arXiv
preprint arXiv:1909.03330, 2019.

[52] Andert F. Drawing stereo disparity images into occupancy grids: Measurement model and fast
implementation[C]. 2009 IEEE/RSJ International Conference on Intelligent Robots and Systems, 2009: 5191-5197.
[53] Ragot N, Khemmar R, Pokala A, et al. Benchmark of visual slam algorithms: Orb-slam2 vs rtab-map[C].
2019 Eighth International Conference on Emerging Security Technologies (EST), 2019: 1-6.

53



PN N2 T e DA

54



T 2oy 98] B AT T AR

BURF AR ES FIA ST AR
— FEREX

[1] EKFE, WH, MR, VK. TGN 2D S Eig . Byt
T (EFAD MRS 4 5D

55



PN N2 T e DA

56



B

B

=AU ER A GE B, AR RF B TR 1 52 3] AR i t R 45
I, WORBZE . ZIMREEAE, LI EHIRE R, EARAME UK
NENETREROYE . £5 5 0ER T, BMERSE 2RI, 5
BV o I TR AE G IX = A BL 3 i 0 N\ R B IR W

G, WEIRB R AR FE I 2 =FE0T A LR R 51 5. 2231,
M FEAR S, AR AE A B AT 2 TARKIISRTE, MR S50 Ll g 18 e k0
BN AAME B SRR, A TR . AT, BB L, ER IR A
R T T IRARKH GO, 2R, R A RIE S iR, 2 A%
H RIS SR B ORISR 377 5. AEIL, JOU W75 E 1A 32O iy R AN o
IfE, B e SRR, AR

Hx, b BRI E RN 5 LB e s B ST N 2E M, F22 00 P AL
SRR RE I LU N2 AR R FRAE 2 2 s TIRARKRFE W), SN g, £
IR AR 2 AR ki, S EWUT . AR i 0iE T, 1 HBSHIFA
KR FRIGE B o R 2 X A R SRR RN 5 22 4 SR SIEIR = VAR H

B 1 PR IR A B CASE, I S IMAEAT T2 B 5L T — MR EFIIBERE, i, Rl
5, XL BEHME I LRI T 5 17 b gs P 3R AL DU T2 SRR s L 3K
HR WA U BRI A MR R . A, XIRE. e, RATEM2,
SERED . AEFGE B AR AR, SRS R BIE, SRR . i 2R
P e . FhE L BRI RIS, IR 2R, WA ERICEIIRR .

R, FREGHIRIIARE, BARSERM, (H—BEAERORN MR, Tk
PESCFF B, W, R E G, AEREETCPTIUE B Bk 2

B B T T 22 P il S BRI TRV B AR SO e S, TR TR B 1 SR
HEESTE W

57



	摘要
	ABSTRACT
	第1章 绪论
	1.1 研究背景及意义
	1.2 选题来源
	1.3 国内外研究现状
	1.3.1 视觉SLAM研究现状
	1.3.2 视觉惯性GPS融合定位研究现状
	1.3.3 二维网格地图研究现状

	1.4 主要研究内容以及组织结构
	1.4.1 主要研究内容
	1.4.2 组织架构


	第2章 相关技术研究
	2.1 双目视觉里程计
	2.1.1 双目相机模型
	2.1.2 ORB特征提取与匹配
	2.1.3 视觉里程计位姿表示

	2.2 IMU传感器姿态估计
	2.2.1 IMU传感器基本原理
	2.2.2 IMU噪声模型
	2.2.3 IMU运动模型

	2.3 GPS传感器定位技术
	2.3.1 GPS定位原理
	2.3.2 GPS定位误差

	2.4 本章小结

	第3章 视觉惯性GPS融合定位的VI-rel与 IG-abs算法研究
	3.1 紧耦合IMU的视觉里程计
	3.1.1 联合优化函数
	3.1.2 重投影误差
	3.1.3 IMU预积分与测量残差

	3.2 VO/IMU融合定位的VI-rel研究
	3.2.1 IMU状态传递动力学模型
	3.2.2 基于VO相对状态的EKF

	3.3 IMU/GPS融合定位的IG-abs研究
	3.3.1 基于GPS的观测模型
	3.3.2 IMU与 GPS信号同步
	3.3.3 基于残差平方和的EKF

	3.4 实验探究
	3.4.1 VO/IMU融合性能评估
	3.4.2 IMU/GPS融合性能评估

	3.5 本章小结

	第4章 二维占据网格地图构建的VO-Scan算法
	4.1 双目立体视觉逆传感器模型
	4.1.1 理想传感器模型
	4.1.2 实际的逆传感器模型

	4.2 传感器模型的参数选择
	4.2.1 显著因子k对ISM的影响
	4.2.2 深度相关不确定度Δlp对 ISM的影响
	4.2.3 测量距离z对ISM的影响

	4.3 二维网格地图模型
	4.4 基于视觉定位的二维网格地图构建算法流程
	4.4.1 ORB-SLAM2 概述
	4.4.2 深度图转Scan格式的数据原理
	4.4.3 基于ORB-SLAM2 的二维占据网格地图构建算法流程

	4.5 深度图转Scan数据
	4.6 本章小结

	第5章 实验与分析
	5.1 引言
	5.2 实验平台
	5.2.1 ROS操作系统
	5.2.2 MYNTEYE相机

	5.3 场景测试
	5.3.1 室内实验
	5.3.2 室外实验

	5.4 对比分析实验
	5.5 本章小结

	第6章 结论与展望
	6.1 结论
	6.2 展望

	参考文献
	攻读学位期间取得的研究成果
	致谢

